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Abstract
We discuss recent results giving algorithms for learning mixtures of unstructured distributions.
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Summary
The past decade or so has witnessed tremendous progress in the theory of learning statistical
mixture models. The most striking example is that of learning mixtures of high dimen-
sional Gaussians. Starting from Dasgupta’s ground-breaking paper [14], a long sequence
of improvements [15, 5, 27, 21, 1, 17, 8] culminated in the recent results [20, 7, 23] that
essentially resolve the problem in its general form. In this vein, other highly structured
mixture models, such as mixtures of discrete product distributions [22, 19, 12, 18, 9, 11] and
similar models [12, 6, 24, 21, 13, 10, 16], have been studied intensively.
Here we discuss recent results giving algorithms for learning mixtures of unstructured
distributions. More specifically, we consider the problem of learning mixtures of k arbitrary
distributions over a large discrete domain [n] = {1, 2, . . . , n}. This problem arises in various
unsupervised learning scenarios, for example in learning topic models from a corpus of
documents spanning several topics. We discuss the goal of learning the probabilistic model
that is hypothesized to generate the observed data, in particular the constituents (each topic
distribution) of the mixture. It is information-theoretically impossible to reconstruct the
mixture model from single-view samples (e.g., single word documents). Thus, multi-view
access is necessary. It is desirable to minimize the aperture or number of views in each sample
point, as well as the number of sample points needed, as these parameters govern both
the applicability of an algorithm and its computational complexity. We will survey some
of the results in recent papers [4, 2, 3], as well as our joint work with L.J. Schulman and
C. Swamy [25, 26]. In particular, we will discuss some of the tools that contribute to these
results, in brief: concentration results for random matrices, SVD and other factorizations,
dimension reduction, moment estimations, and sensitivity analysis.
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